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Visual expertise induces changes in neural processing for many different domains of expertise. However, it is
unclear how expertise effects for different domains of expertise are related. In the present fMRI study, we combine
large-scale univariate and multi-voxel analyses to contrast the expertise-related neural changes associated with
two different domains of expertise, bird expertise (ornithology) and mineral expertise (mineralogy). Results
indicated distributed expertise-related neural changes, with effects for both domains of expertise in high-level
visual cortex and effects for bird expertise even extending to low-level visual regions and the frontal lobe.
Importantly, a multivariate generalization analysis showed that effects in high-level visual cortex were speciﬁc to
the domain of expertise. In contrast, the neural changes in the frontal lobe relating to expertise showed signiﬁcant
generalization, signaling the presence of domain-independent expertise effects. In conclusion, expertise is related
to a combination of domain-speciﬁc and domain-general changes in neural processing.Introduction
Experience and learning shape human behavior and inﬂuence the
functional architecture of the brain. A widely studied exemplar of
learning is visual expertise, deﬁned as a superior performance in iden-
tifying and categorizing visually similar objects within a speciﬁc domain
(Harel et al., 2013; Shen et al., 2014). Visual expertise has been associ-
ated with changes in the underlying neural activation for the expert
object category, with evidence from many real-world domains of
expertise as well as experimentally induced forms of expertise and
learning in humans and primates (Gauthier et al., 1999; Sigala and
Logothetis, 2002; Kourtzi et al., 2005; Sigman et al., 2005; Op de Beeck
et al., 2006; Li et al., 2007; Wong et al., 2009; Folstein et al., 2013).
Despite the large body of available studies on this topic, a consensus
has yet to be reached on the proper interpretation of their ﬁndings, as is
demonstrated by the strongly differing conclusions in available literature
reviews (e.g. McKone and Kanwisher, 2005; Curby and Gauthier, 2010;
Harel et al., 2013). A recurring point of disagreement is the potentially
important role played by speciﬁc brain areas, particularly the fusiform
face-selective cortex (fusiform face area, FFA). Not surprisingly, many
empirical studies have focused on this speciﬁc issue. Several fMRI studies
in which experts were compared to novices have indeed demonstrated a
relation between expertise and activation in the FFA in response toaat 102, box 3714, 3000 Leuven, Bel
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c. This is an open access article undeobjects of expertise. These neural changes have been found in chess ex-
perts, car experts, plane experts, ornithologists and radiologists (Gauthier
et al., 2000; Xu, 2005; Harley et al., 2009; Bilalic et al., 2011, 2014;
McGugin et al., 2012a) as well as in participants who were extensively
trained to recognize novel objects (e.g. “Greebles”, Gauthier et al., 1999;
Behrmann et al., 2005). An EEG study also demonstrated a competition
for neural resources between faces and objects of expertise in face-
selective areas in OTC (Rossion et al., 2007). However, several other
studies have failed to ﬁnd an expertise effect in face-selective regions,
including studies with real-world experts (Grill-Spector et al., 2004;
Rhodes et al., 2004; Krawczyk et al., 2011) and laboratory-trained par-
ticipants (Op de Beeck et al., 2006), even when using the original Greeble
stimuli (Brants et al., 2011).
The presence of expertise-related activity has also been demonstrated
in occipitotemporal cortex (OTC) beyond the FFA (Grill-Spector et al.,
2004; Rhodes et al., 2004; Moore et al., 2006; Op de Beeck et al., 2006;
Jiang et al., 2007; Wong et al., 2009; Harel et al., 2010; Brants et al.,
2011; Krawczyk et al., 2011; Mongelli et al., 2016). Even areas outside
the visual cortex have emerged in the search for expertise effects,
including prefrontal and parietal regions (Moore et al., 2006; Harel et al.,
2010; Krawczyk et al., 2011) and auditory association cortex for pro-
fessional musicians (Hoenig et al., 2011).
All reviews agree that various forms of expertise exist and thatgium.
gium.
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istics and domain-speciﬁc task requirements (compare, for example,
Richler and Gauthier (2014) and Harel et al. (2013)). In at least a subset
of the studies for example, the increased response observed in the FFA
may be due to the nature of the presented stimuli and the degree to which
they resemble faces (Op de Beeck et al., 2006; Xu, 2005). However, there
is surprisingly little direct evidence to support such claims. It remains
unclear why the localization of expertise effects in visual cortex varies
widely between studies, sometimes affecting the FFA and sometimes
affecting other regions.
We aim to investigate the interaction between the speciﬁc domain of
expertise and the localization and the extent of the underlying neural
changes. To do this, we need to compare different domains of visual
expertise and focus on the related patterns of activity in the entire visual
cortex and even the brain at large. While some studies have already
compared different domains of visual expertise (e.g. car experts vs bird
experts: Gauthier et al., 2000; Xu, 2005; car experts vs plane experts:
McGugin et al., 2012a), they only focused upon a limited set of ROIs and
might therefore have missed potential expertise effects. Others adopted a
broader perspective and performed at least some whole-brain univariate
or multivariate analyses but were limited to only one domain of expertise
(Harel et al., 2010; Bilalic et al., 2014; Mongelli et al., 2016). As a
consequence, we lack insight into the degree of similarity (or disparity)
between neural changes induced by different domains of visual expertise.
In the present fMRI study we combine large-scale univariate analyses,
multi-voxel brain decoding and region-of-interest analyses to compare
the changes in neural processing associated with two forms of expertise,
bird expertise (ornithology) and mineral expertise (mineralogy). We
have deliberately included one animate and one inanimate domain,
because this seems to be the major distinction underlying the large-scale
organization of neural object representations (e.g. Kriegeskorte et al.,
2008; Mahon and Caramazza, 2009; Bracci and Op de Beeck, 2016).
While mineralogy might seem an odd choice at ﬁrst, minerals form a
homogenous object category that is more representative of a nonliving
category than for example the more commonly studied category of cars
(Gauthier et al., 2000; Xu, 2005). Since cars are moving objects and the
front views of cars resemble faces (Xu, 2005), they have often been
depicted as living objects (e.g. the Pixar animation ﬁlm series “Cars”).
Comparing two very different domains of visual expertise offers us the
opportunity to investigate whether expertise induces domain-speciﬁc
neural changes, possibly showing a bias to affect those regions which
are most activated by the object domain (“informative” regions; Op de
Beeck and Baker, 2010; Brants et al., 2016). Alternatively, more general
correlates of visual expertise that are similar across different domains
could play a role, either at the level of speciﬁc regions of interest
(Gauthier et al., 2000) or at a more distributed level (Harel et al., 2013).
Importantly, to test these hypotheses we have to investigate patterns of
activity not only at the level of individual areas, but more broadly across
large cortical regions.
Material and methods
Participants
The study included 68 participants. Twenty-one candidate experts in
ornithology, 27 candidate experts in mineralogy and 20 control partici-
pants took part in the behavioral session of this study. All participants
completed perceptual and semantic measures for both domains of
expertise (see details below). Based on the behavioral results, 10 candi-
date experts in mineralogy were excluded from further participation and
analyses. One expert in ornithology was excluded for MRI safety reasons.
The ﬁnal sample of subjects consisted of 20 ornithologists (aged 26.4 ± 5
years, 5 females, average 8.6 years of experience (sd 4.6 years), apart
from three outliers all within 3 and 10 years), 17 mineralogists (aged
25.3 ± 5 years, 7 females, average 6.4 years of experience (sd 3.7 years),
apart from three outliers all within 3 and 8 years) and 20 control81participants (aged 24.3 ± 3 years, 7 females, no experience with either
birds or minerals). These sample sizes were larger than the number of
participants included in the few other studies comparing two groups of
experts (Gauthier et al., 2000; Xu, 2005). The subject groups were mostly
matched for number of men/women. Previous research has indicated
that men show an advantage for recognition of nonliving objects, while
women tend to be better at recognizing living objects (McGugin et al.,
2012b). While it would be interesting to investigate sex differences in
these domains of expertise, our subject groups consisted of too few fe-
male experts to make the comparison. All ornithologists were active
birdwatchers that had taken up this hobby out of interest. The group of
mineralogists consisted in part of students with an academic degree in
geology and in part of participants that actively collected and identiﬁed
minerals. All participants were healthy adults with normal or
corrected-to-normal vision and the three groups were matched for level
of education. The study was approved by the Medical Ethical Committee
of KU Leuven and all participants provided a written informed consent.
Behavioral session and determination of expertise level
All subjects participated in a behavioral session of approximately one
hour, in which they carried out several computer and paper-and-pencil
tasks. First, participants were asked to ﬁll out a questionnaire in which
their self-reported knowledge of birds and minerals was measured, as
well as their general interest in classifying and determining objects. This
questionnaire was a Dutch translation of the questionnaire used by
Gauthier et al. (2014), in which the category-speciﬁc questions were
attuned to birds and minerals. Second, all participants completed two
perceptual discrimination tasks, one for each domain of expertise, to
determine their level of expertise. Each discrimination task consisted of
80 pairs of colored images of either European bird species or of more or
less well-known minerals, which were selected with the assistance of
experts in both domains. The participants had to decide for each pair of
images whether both images were of the same species in the case of birds
or whether they shared the same chemical composition (polymorphs) in
the case of minerals. Note that for both types of expertise, the discrimi-
nation task was not strictly (though largely) a perceptual task. Both visual
(birds: shape and color of claws, beak, feathers, etc.; minerals: crystal
structure) and non-visual (birds: birdsong, habitat; minerals: hardness)
aspects play a role in the classiﬁcation of birds and minerals. Further-
more, experts need domain-speciﬁc knowledge to know how to interpret
the visual information (e.g., the fact that for some species of birds the
male and female exemplars are very different). The pairs in both tasks
(half ‘same’, half ‘different’) varied in difﬁculty. The images were pre-
sented sequentially: the ﬁrst image appeared for 1 s, the second image
remained on the screen until a same/different response was made by
pressing one of two keys on the keyboard. The design of this discrimi-
nation task was inspired by tasks used in earlier fMRI studies of expertise
(Gauthier et al., 2000; Gilaie-Dotan et al., 2012; Harel et al., 2010;
McGugin et al., 2012a).
An additional semantic task was used to measure how well partici-
pants were able to name different objects of expertise, again for both
domains of expertise. Participants were asked to name a list of 30 colored
images as precise as possible, without being limited by a time constraint.
Each answer was awarded one, two or three points, based on the speci-
ﬁcity of the answer. For example, naming the correct bird species (and
even giving the correct Latin name) would earn more points than naming
the more general bird family. Participants with a knowledge of birds
were considered bird experts if they reached an accuracy level of 65% on
the bird discrimination task, which was the case for all candidate bird
experts. Three participants who claimed to have no speciﬁc knowledge of
birds reached the 65% boundary as well, however, they were not
considered to be experts based on their low score on the semantic task for
birds (maximal score of 15% correct, far below the average score of 65%
for the included bird experts). For the selection of mineralogists the same
logic was applied. However, the mineral discrimination task proved to be
F. Martens et al. NeuroImage 169 (2018) 80–93more difﬁcult, therefore a threshold of 60% was applied. One candidate
mineral expert did not reach the 60% threshold (score: 57.5%), but since
his semantic score was very good (situated at the 76th percentile of se-
mantic scores for all included mineral experts), he was still included in
the study as a mineralogist. Ten other candidate mineralogy experts were
excluded for further testing (no fMRI scan) because they did not reach the
60% discrimination threshold and did not compensate with a convincing
score on the semantic task (scores situated below the 29th percentile of
semantic scores for all included mineral experts). The thresholds for the
discrimination tasks were chosen to make the distinction between ex-
perts and non-experts as clearly as possible, while taking into account the
different characteristics of the performance on the two tasks. The selected
thresholds for both tasks were signiﬁcantly different from the chance
level of 50%. Following the binomial distribution, the probability of
answering exactly or more than 48 out of 80 trials (60%) correctly is
p¼ 0.046, the probability of having exactly or more than 52 correct trials
(65%) is p ¼ 0.0048, under the null hypothesis of a distribution centered
at 50%.
After the imaging data had been collected, we tested the participants’
memory for the bird and mineral exemplars that had been presented to
them during the scans (see fMRI procedure and experimental design). In
this delayed recognition task, for both categories the 20 original images
were interspersed with 20 distracters and participants were asked to
indicate which of these images they had or had not seen during the
experiment.
Finally, we assessed the participants' recognition ability in a third,
neutral domain to assess whether the experts' performance on the rele-
vant discrimination task (e.g. bird task for ornithologists) was related to a
more domain-general skill of ﬁne object recognition. Although partici-
pants’ performance on the discrimination task of the “opposite” domain
(e.g. mineral task for ornithologists) already served as a baseline measure
(since it concerns an object category of which participants have no spe-
ciﬁc knowledge), we also administered the Cambridge Face Memory Test
(CFMT, Duchaine and Nakayama, 2006) to all participants.
Apparatus
Imaging data were collected using a 3T Philips Ingenia CX scanner
with a 32-channel head coil at the Department of Radiology of the Uni-
versity Hospitals Leuven. Functional images were acquired via an EPI
sequence with a TR of 3 s, TE of 30 ms, 54 slices, 2.5  2.56 mm in plane
voxel size, slice thickness of 2.5 mm, inter-slice gap of 0.2 mm, ﬂip angle
of 90 and an 84  82 acquisition matrix, covering the whole cerebral
cortex. We collected a high-resolution T1-weighted anatomical image for
each participant (182 slices, 0.98  0.98  1.2 mm resolution,
TR ¼ 9.6 ms, TE ¼ 4.6 ms, 256  256 acquisition matrix). The stimuli
were presented using PsychToolbox 3 (Brainard, 1997) in Matlab and
projected onto a screen which could be viewed through a mirror
mounted on the head coil.
fMRI procedure and experimental design
Imaging data were collected in a block-design experiment consisting
of 10 runs, each lasting 255 s. Within each run, 7 categories of stimuli
were presented: birds, minerals, faces, scenes, living objects (animals),
nonliving objects and scrambled images (see Fig. 1). Each category
contained 20 gray-scale images. The images were presented on a uniform
gray background at a uniform size of 300 300 pixels in a random left or
right orientation and with a small position jitter (maximum 50 pixels in
horizontal and vertical direction) around the ﬁxation point. The order in
which the categories were presented was balanced over runs and par-
ticipants and the stimulus order within each category block was ran-
domized. Each block contained 20 stimulus trials, of which three trials
were an immediate repetition of the previously presented image but with
a random position and orientation. Participants were asked to press a
button to signal these successive image repetitions regardless of position82and orientation changes. Responses were collected via a response box.
Analyses
fMRI preprocessing and statistical analysis
All imaging data were preprocessed using the Statistical Parametric
Mapping software package (SPM12, Welcome Department of Cognitive
Neurology, London). Functional images were corrected for slice timing
differences as well as head movements by realignment to the mean
image. The images were smoothed using a Gaussian kernel of 8 mm full-
width at half maximum (FWHM) for univariate second level analyses,
and a Gaussian kernel of 5 mm FWHM for the univariate ROI analyses
and for all multi-voxel analyses (subject classiﬁcation, generalization and
representational similarity analyses). Both anatomical and functional
images were normalized to the standard Montreal Neurological 152-
brain average template and the voxels were resampled to a voxel size of
2.5 2.5 2.5mm. Due to some technical difﬁculties and excessive head
motion, a number of functional runs had to be excluded from further
analyses. We controlled for excessive head motion during scanning by
discarding all runs in which participants moved more than half a voxel
size (1.25 mm) on two consecutive images. For 41 participants (14 or-
nithologists, 11 mineralogists and 16 controls), we were able to include
all 10 functional runs. For 10 participants (4 ornithologists, 4 mineral-
ogists and 2 controls) 9 runs were included, for 4 participants (2 orni-
thologists and 2 controls) we included 8 runs and for the remaining 2
participants (mineralogists) we included 7 runs. For each participant a
general linear model (GLM) was ﬁtted to estimate the linear relationship
between the experimental conditions and the recorded neural activation
in each voxel. The ﬁxation condition was not explicitly modeled. Motion
realignment parameters were added as regressors to control for signal
variation due to head motion. Further analyses were performed using t-
tests between coefﬁcients of different experimental conditions.
Regions of interest
Given that object recognition has been shown to be sustained by a
neural system encompassing low- and high-level regions in ventral visual
cortex as well as frontal regions (e.g. Fenske et al. (2006)), we delineated
three large but mutually exclusive anatomically deﬁned regions of in-
terest (aROIs). First, we selected all voxels that were signiﬁcantly active
above the threshold of p < 0.001 (uncorrected) in the contrast [all con-
ditions - ﬁxation]. Anatomical masks, created by using theWFU PickAtlas
Toolbox (Wake Forrest University PickAtlas, fmri.wfubmc.e-
du/cms/software), were used to deﬁne the following bilateral aROIs
(Fig. 2): a low-level visual aROI (Brodmann areas 17 and 18, which
included V1 and nearby cortical regions, deﬁned in all 57 subjects), a
high-level visual aROI (Brodmann areas 36, 37 and 20, deﬁned in all 57
subjects) and the complete frontal lobe (including motor cortex, deﬁned
in all 57 subjects). Given that these masks provide a thin cortical thick-
ness which is not realistic given the smoothed nature of our fMRI data for
the between-group comparisons, the anatomical masks were expanded
by two voxels in all directions to make sure that most relevant active
voxels were included. The resulting minor overlap between the low-level
visual aROI and the high-level visual aROI was removed from both
resulting masks. Seven additional functional ROIs (fROI) were delineated
manually in each individual participant, independent from the experi-
mental data. These fROIs, that were deﬁned using different functional
contrasts, all included spatially contiguous voxels that exceeded the un-
corrected statistical threshold of p < 0.0001. Signiﬁcantly active voxels
were displayed on coronal slices and manually selected. Only clusters
consisting of a minimum of 20 voxels were selected. When less than 20
active voxels were found, a more liberal uncorrected threshold of
p < 0.005 was applied. Here again, the minimum cluster size was taken
into account, and the fROI was not deﬁned if cluster size was smaller than
20 voxels. The fusiform face area (left FFA: 54 subjects; right FFA: 56
subjects) and the occipital face area (OFA) were deﬁned by the contrast
[faces - nonliving] in combination with anatomical criteria. Due to the
Fig. 1. (A) Schematic overview of the design of one experimental run. Images of 7 categories were presented in a block-design (20 grayscale images per block). At the start, in the middle
and at the end of each run a ﬁxation block of 15s was presented. (B) The 20 bird stimuli and 20 mineral stimuli that were used during the experiment.
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(38 left and 44 right), this region was left out of any further analyses. For
the selection of the parahippocampal place area (PPA; left PPA: 57 sub-
jects; right PPA: 57 subjects), voxels around the parahippocampal gyrus
that showed responsiveness for the contrast [scenes - nonliving] were
delineated. We deﬁned two parts of lateral occipital complex (LOC) using
the [nonliving – scrambled] contrast: a more posterior part in lateral
occipitotemporal cortex (pLOC; left pLOC: 57 subjects; right pLOC: 57
subjects) and a more anterior part in ventral occipitotemporal cortex
(aLOC; left aLOC: 57 subjects; right aLOC: 57 subjects). Both regions
were selected in a mutually exclusive way. Finally, a region selective for83living objects (left Living: 57 subjects; right Living: 56 subjects) and a
region selective for nonliving objects (left Nonliving: 56 subjects; right
Nonliving: 56 subjects) were delineated using the contrasts [living -
nonliving] and [nonliving - living] respectively. Analyses in both the
anatomical and the functional ROIs were performed across hemispheres
(see e.g. Harel et al., 2010). The average sizes and MNI coordinates of all
the ROIs mentioned above are presented in supplementary material
(section A, Table S1).
Univariate fMRI analyses
We performed conventional univariate fMRI analyses to determine
Fig. 2. Lateral and ventral view of the three anatomically deﬁned aROIs. The low-level
visual aROI is indicated in dark red, the high-level visual aROI in dark green and the
frontal lobe in orange. The masks were visualized using BrainNet Viewer ((Xia et al.,
2013) http://www.nitrc.org/projects/bnv/) and custom Matlab code.
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novices in response to objects of expertise. We calculated the mean
response per voxel elicited by the different experimental conditions and
compared these mean activations (beta values) between subject groups.
This way, we performed whole-brain second-level analyses as well as
group comparisons within speciﬁc ROIs. The effect of expertise for birds
was deﬁned by the contrast [birds – base] in which the “base” condition
was a combination of the living and nonliving condition. The contrast
[minerals - base] was used to deﬁne the expertise effect for minerals. For
all univariate analyses, we ﬁrst applied a stringent threshold of p < 0.05
corrected for family-wise error. However, when no effects survived, weFig. 3. (A) Schematic overview of the subject classiﬁcation analyses for bird expertise and min
the control group based on their neural responses for the expert object condition (birds or miner
generalization analysis. A classiﬁer was trained on the expertise effect for one domain of expertis
category of birds) and tested on the other domain of expertise (e.g. mineral expertise: the dist
generalization analysis was performed in two directions.
84lowered the threshold to p < 0.0001 (uncorrected, minimum cluster size
of 10 voxels, see Lieberman and Cunningham (2009)) for all bird
expertise analyses and an uncorrected threshold of p < 0.001 (minimum
cluster size of 10 voxels) for the mineral expertise analyses. Note that
these univariate maps are not meant to demonstrate signiﬁcance for in-
dividual voxels, but instead to visualize where the voxels with the
clearest univariate differences and thus with potential relevance for the
classiﬁers tend to be.
Multivariate fMRI analyses: subject classiﬁcation
With this analysis, we tried to answer the following question: can we
make a distinction between subject groups based on their neural response
patterns for a speciﬁc condition? These subject classiﬁcation analyses
were applied in each ROI to discriminate ornithologists from control
participants and mineralogists from control participants (see Fig. 3A).
The response per voxel per subject was deﬁned by the univariate contrast
of one of the expertise conditions versus base, e.g. [birds – base]. The
contrast values were standardized by subtracting the mean value across
all voxels in the subject-speciﬁc response pattern and dividing this result
by the standard deviation across voxels. A linear support vector machine
(SVM) was applied using the libsvm Matlab toolbox (Chang and Lin,
2011) with similar parameters as Bulthe and colleagues did (Bulthe et al.,
2015). To train and test the SVM model, we used a leave-pair-out
cross-validation (LPOCV) technique, as was used by Ung et al. (2014).
For each of the two subject groups, a participant was randomly selected
and left out of the training sample. Next, the classiﬁer was trained on all
subjects except for the left-out pair, which was subsequently used to test
the trained model. Since all subjects viewed the same images for all the
object categories, the training and testing of the classiﬁer happened oneral expertise. A classiﬁer was trained to make a distinction between the expert group and
als). Subsequent testing resulted in a classiﬁcation accuracy. (B) Schematic overview of the
e (e.g. bird expertise: the distinction between ornithologists and control participants for the
inction between mineralogists and control participants for the category of minerals). The
F. Martens et al. NeuroImage 169 (2018) 80–93identical images. This procedure was repeated until each participant was
left out once. In the case of unequal group sizes, the procedure was
repeated until each participant of the smallest group was left out once.
The decoding accuracy was calculated as the proportion of times in
which test participants were correctly classiﬁed as belonging to one of
the two subject groups. To control for slight differences in decoding ac-
curacies due to the random selection (pairing) of test data, the LPOCV
technique was iterated 1000 times and the decoding accuracies were
averaged across all iterations. The higher this resulting decoding accu-
racy, the better the classiﬁer was able to make a distinction between the
two groups. In order to determine the signiﬁcance threshold for the
decoding accuracies, we applied Monte Carlo permutation tests
(Mour~ao-Miranda et al., 2005). The above described LPOCV technique
was again repeated 1000 times, only this time the class labels of the
training sample were randomly shufﬂed before the model was trained,
leading to a distribution of decoding accuracies based on random infor-
mation. A 95% conﬁdence interval around the mean of this distribution
was calculated to determine the signiﬁcance threshold for each com-
parison. As a sanity check, we checked that the signiﬁcance thresholds
obtained through permutations were very similar and not more liberal
compared to the threshold expected from a simple (parametric) binomial
test. According to such a binomial test, results above 62.5% would be
signiﬁcant with a total of 40 participants, as in classiﬁcations involving
ornithologists and controls. For mineralogists and controls (N ¼ 37), the
parametric threshold would be 62.2%.
Furthermore, for each individual participant a mean decoding accu-
racy was calculated by dividing the number of times this participant was
classiﬁed as an expert by the number of times the data of this participant
were used as test data. This was done for the two comparisons mentioned
above: we calculated the proportion of times ornithologists and control
participants were classiﬁed as an ornithologist and the proportion of
times mineralogists and control participants were classiﬁed as a miner-
alogist. These “proportions decoded as expert” were then related to the
different behavioral measures of expertise (results in Table 1).
Multivariate fMRI analyses: generalization
To check whether potential differences in neural representations
between control participants and bird experts were similar to the dif-
ferences in representations between control participants and the group of
mineral experts (and vice versa), we tested generalization of subject
classiﬁcation (Fig. 3B). In particular, we tested whether the classiﬁer that
was trained to make a distinction between the control group and one
expert group based on the objects of expertise of that expert group (e.g.,
birds for ornithologists), was also able to make a distinction between the
control group and the other expert group using their objects of expertise
(e.g., minerals for mineralogists). Within each ROI, generalization was
tested in both directions: training the classiﬁer on the distinction orni-
thologists vs. control participants and testing on mineralogists vs. controlTable 1
Correlations between the “proportion decoded as expert” and performances on two behavioral
The “proportion decoded as expert” represent the proportion of times a subject was either cla
mineralogist (mineralogists and control participants, N ¼ 37). The four aROI x classiﬁcation sit
85participants, and vice versa. The overall “generalization accuracy” was
calculated by averaging the decoding accuracies for both directions. To
determine the signiﬁcance threshold, we applied for each direction of
generalization the same random permutationmethod as described above.
This resulted in two distributions of decoding accuracies based on
random information. By randomly selecting half of the decoding accu-
racies from each distribution and combining these selected values, we
created a new distribution that was used to determine the signiﬁcance
threshold for the generalization accuracy. Again, the obtained thresholds
were similar to the thresholds which would be observed using a para-
metric binomial test with the number of participants involved (N ¼ 57).
Hence we used a parametric method to calculate the 95% conﬁdence
interval around the proportion of subject generalization in order to
compare it to the maximal generalization (see next paragraph).
Maximal generalization: simulations
We have already shown previously through simulations how the
amount of generalization is limited by the classiﬁcation accuracy in the
two datasets between which the generalization is tested (Brants et al.,
2016). If the two datasets differ in classiﬁcation accuracy, then the
generalization accuracy will be somewhere in between. We implemented
these simulations with the classiﬁcation accuracies obtained in the cur-
rent dataset in order to quantify the maximally expected generalization
accuracy given the empirically measured classiﬁcation accuracies. A
detailed explanation of this simulation approach is given in Brants
et al. (2016).
Multi-voxel representational similarity analyses
Within the high-level visual aROI, multi-voxel patterns of activation
for all the seven different conditions were correlated in a pairwise
manner as a measure of their similarity or distinctness. As a ﬁrst step, the
data set for each participant was randomly divided into two equally sized
subsets of runs (one half of the data amounted to 4 or 5 runs in which
each condition was presented twice). Beta values for each voxel of the
high-level visual aROI were standardized by subtracting the mean value
across all conditions. For each participant, the activation patterns of all
conditions in the ﬁrst subset of runs were correlated with the second
subset. This procedure of dividing the data and computing the correla-
tions was repeated 100 times, resulting for each participant in a matrix of
correlations averaged across those repetitions. The individual similarity
matrices were averaged across participants within each group. The
resulting group similarity matrices, in which each cell contained the
correlation between two speciﬁc conditions, were visualized using
multidimensional scaling (MDS), which arranged the experimental con-
ditions in a two-dimensional space according to similarity in activation
patterns. Highly correlated conditions are shown closer together whereas
less correlated conditions are located further apart in the MDS plots. This
method allowed us to investigate potential differences between expertstasks.
ssiﬁed as being an ornithologist (ornithologists and control participants, N ¼ 40) or as a
uations in which the subject classiﬁcation was signiﬁcant, are indicated by a bold frame.
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of stimuli.
Results
Behavioral indices of expertise
The ﬁnal sample included 57 participants from three groups: orni-
thologists (N ¼ 20), mineralogists (N ¼ 17), and control participants
(N ¼ 20). A variety of behavioral indices showcased the domain-speciﬁc
expertise of participants. Fig. 4 displays the proportion correct scored by
the three subject groups on the discrimination and semantic tasks for
birds and minerals, these scores were used to select the experts. For the
discrimination tasks, we calculated d’ (d-prime) for each participant
based on the number of Hits (subject correctly responds that birds/
minerals are the same) and False Alarms (subject responds that birds/
minerals are the same while in reality they are different; d’ ¼ z(H) –
z(FA)). These d’ values were used in the following analyses. On the bird
discrimination task, the ornithologists scored signiﬁcantly higher than
the mineralogists (t(35) ¼ 8.39, p < 0.0001) and the control participants
(t(38) ¼ 9.71, p < 0.0001). The mineralogists outperformed the orni-
thologists (t(35) ¼ 7.50, p < 0.0001) and the control participants
(t(35) ¼ 7.84, p < 0.0001) on the mineral discrimination task.
The mineralogists' performance on the mineral discrimination task
was signiﬁcantly lower than the ornithologists' score on the bird
discrimination task (t(35) ¼ 5.67, p < 0.0001). However, it should be
noted that the two discrimination tasks were not calibrated and are
therefore not really comparable. It might very well be that the mineral
discrimination task was more difﬁcult. This can be illustrated by a linear
regression analysis showing that an ornithologist with 7 years of expe-
rience would reach a d’ of 2.23, while an equally experienced mineral-
ogist would only get a d’ of 0.91 on the mineral discrimination task. Note
that the control participants showed no difference in performance be-
tween the bird discrimination task and the mineral discrimination task
(t(19) ¼ 1.35, p ¼ 0.19), for both tasks they performed around
chance level.
The semantic tasks showed the same pattern of results. On theFig. 4. Results for the behavioral expertise tasks (discrimination and semantic tasks) for
ornithologists (N ¼ 20), mineralogists (N ¼ 17) and control participants (N ¼ 20). Box-
plots display the median proportion correct and interquartile range, whiskers indicate the
minimum and maximum values and dots represent outliers (>1.5 x interquartile range).
Unpaired t tests were used to determine signiﬁcance, which is indicated by * (p < 0.05) or
by ** (p < 0.0001). For the discrimination tasks (left panel), chance level performance was
at 50%. The expert group always outperformed the other two groups on those tasks related
to their ﬁeld of expertise. These scores were used to select the experts (see 2.2. Behavioral
session and determination of expertise level).
86semantic task for birds, the ornithologists' score was higher than the
mineralogists’ (t(19.95) ¼ 13.23, p < 0.0001), which was in its turn
higher than the score of the control participants (t(35) ¼ 2.50,
p ¼ 0.015). On the semantic task for minerals, the mineralogists out-
performed the ornithologists (t(23.87) ¼ 9.79, p < 0.0001) and the
control participants (t(18.33) ¼ 11.26, p < 0.0001).
Finally, ornithologists with more years of experience tended to score
better on the bird expertise tasks compared to less experienced orni-
thologists. Self-reported years of experience with birds was signiﬁcantly
correlated with performance on the semantic task for birds (Pearson's
r ¼ 0.46, p ¼ 0.02) and the relation to the performance on the discrim-
ination task also tended to be positive, although not signiﬁcant (Pearson's
r ¼ 0.42, p ¼ 0.06). For mineralogists, there was no signiﬁcant correla-
tion between years of experience and the scores on the mineral tasks
(semantic task: Pearson's r ¼ 0.31, p ¼ 0.11; discrimination task: Pear-
son's r¼ 0.40, p¼ 0.11). We did not ﬁnd a correlation between the age of
the experts and their scores on the discrimination or semantic tasks for
their expert object category (Orn.: discrimination task: Pearson's
r ¼ 0.01, p ¼ 0.95; semantic task: Pearson's r ¼ 0.21, p ¼ 0.38; Min.:
discrimination task: Pearson's r ¼ 0.05, p ¼ 0.86; semantic task: Pear-
son's r ¼ 0.41, p ¼ 0.10).
As was mentioned in the methods section, the discrimination tasks
and the semantic tasks were used to select the experts. Therefore, the
group differences on these tasks are to be expected and circular. How-
ever, other behavioral measures showed clear differences between the
three subject groups as well. On the expertise questionnaire, apart from
their number of years of experience, participants also indicated on a scale
of 1–9 how often they read text about birds/minerals and how often they
looked at images of birds/minerals. The responses clearly showed a
difference between the three subject groups, with the experts spending
more time with their speciﬁc domain of expertise and the control par-
ticipants not really spending time on either domain (text birds: Orn.: 8.0,
Min.: 2.2, Con.: 1.7; images birds: Orn.: 8.0, Min.: 3.6, Con.: 2.0; text
minerals: Orn.: 1.7, Min.: 7.2, Con.: 1.4; images minerals: Orn.: 1.6, Min.:
6.9, Con.: 1.6).
Furthermore, on the one-back task participants performed while in
the scanner, both expert groups achieved higher scores when the task
involved images belonging to their domain of expertise compared to
images belonging to the other expert domain. For each participant and
for each condition we calculated d’ (d’ for condition Birds: Orn.: 2.88,
Min.: 1.89, Con.: 2.21; d’ for condition Minerals: Orn.: 2.75, Min.: 2.55,
Con.: 2.38). A two-way repeated measures ANOVA with subject group as
a between-subjects factor and condition (7 levels) as a within-subjects
factor revealed a signiﬁcant interaction (F(12,324) ¼ 2.98, p ¼ 0.001)
between subject group and stimulus condition, accompanied by a sig-
niﬁcant main effect of stimulus condition (F(6,324)¼ 41.77, p < 0.0001)
but no main effect of subject group (F(2,54) ¼ 2.03, p ¼ 0.142). The
interaction between stimulus condition and subject group was also sig-
niﬁcant when restricted to birds and minerals (F(2,54) ¼ 10.76,
p < 0.0001). To estimate the increase in discriminability both expert
groups showed for their expert condition compared to the remaining
conditions, we calculated d’(expert condition) – d’(remaining condi-
tions). The increase in discriminability did not differ between the two
expert groups (t(35) ¼ 1.49, p ¼ 0.15).
The ﬁndings were similar for the delayed recognition task in which
participants indicatedwhich bird andmineral images they had or had not
seen during the scans. Again, for each participant and for each condition
d’ was calculated. A two-way repeated measures ANOVA for unbalanced
groups with subject group as a between-subjects factor and condition
(birds or minerals) as a within-subjects factor showed that both expert
groups were better able to recognize presented and not-presented images
from their speciﬁc domain of expertise (signiﬁcant interaction:
F(2,54) ¼ 52.59, p < 0.0001; d’ for condition Birds: Orn.: 3.14, Min.:
1.16, Con.: 1.09; d’ for condition Minerals: Orn.: 2.40, Min.: 2.61, Con.:
2.15). The increase in discriminability (d’(expert condition) –
d’(nonexpert condition)) for the delayed recognition task was
F. Martens et al. NeuroImage 169 (2018) 80–93signiﬁcantly different between the two expert groups (t(35) ¼ 3.10,
p ¼ 0.004), mineralogists showed an advantage over ornithologists.
Finally, we tested whether there was any relationship between the
participants' performance on the expertise-related tasks and the third
neutral domain of face perception as measured by the CFMT. The three
subject groups did not differ in their face recognition ability
(F(2,54) ¼ 0.37, p ¼ 0.69; Orn.: 75% correct, sd ¼ 12.9%, Min.: 74%
correct, sd ¼ 10.8%, Con.: 77% correct, sd ¼ 14.5%). For neither of the
two expert groups a signiﬁcant correlation could be found between the
experts' performance on the CFMT and their performances on the
expertise tasks for their domain of expertise (Orn.: discrimination task:
Pearson's r ¼ 0.23, p ¼ 0.33; semantic task: Pearson's r ¼ 0.17,
p ¼ 0.47; Min.: discrimination task: Pearson's r ¼ 0.26, p ¼ 0.31; se-
mantic task: Pearson's r ¼ 0.32, p ¼ 0.21).Expertise-related multi-voxel patterns of selectivity
The fMRI scans probed the patterns of activity related to stimuli from
the two domains of expertise, birds and minerals, as well as ﬁve other
reference conditions: faces, scenes, living objects, nonliving objects and
scrambled images (Fig. 1).
We searched for expertise-related changes in the multi-voxel patterns
by means of subject classiﬁcation methods, following the scheme in
Fig. 3A. If the neural response patterns to a particular stimulus condition
would be altered by expertise, then we should be able to reliably classify
subjects as belonging to a particular subject group based upon these
patterns. Three large aROIs were anatomically deﬁned: a low-level visual
aROI, a high-level ventral visual aROI, and the frontal lobe. The classi-
ﬁcation of subjects was tested for two selectivity patterns: the selectivity
for birds and selectivity for minerals. Two group comparisons weremade:
(1) ornithologists vs. control participants and (2) mineralogists vs. con-
trol participants.
As shown in Fig. 5A, the multi-voxel pattern classiﬁcation was able to
make a distinction between ornithologists and control participants based
on the selectivity for birds in each aROI. Classiﬁcation accuracies in the
different aROIs ranged from 76.9% (p < 0.0001) to 91.3% (p < 0.0001).Fig. 5. (A) Results for the subject classiﬁcation analyses in percentages. Monte Carlo permutati
(see Materials and Methods), signiﬁcance is indicated by a *. The left panel shows the classiﬁcati
able to make a distinction between ornithologists and control participants in all three aROIs.
distinction between mineralogists and control participants in the high-level visual aROI. (B) Res
bars, the light grey bars show the maximal generalization that could be expected given the classi
Methods). Signiﬁcance is indicated by an asterisk.
87A very different result was found for mineral expertise (Fig. 5B). The
distinction between mineralogists and control participants could only be
made based on neural response patterns in high-level visual cortex
(67.4%, p ¼ 0.024). No signiﬁcant classiﬁcation was found in the low-
level visual aROI (53.2%, p ¼ 0.301) nor in the frontal lobe
(61.3%, p ¼ 0.117).
Although high-level visual cortex showed signiﬁcant effects for each
expertise domain, there was an obvious difference in effect size between
domains (subject classiﬁcation accuracies: 91.3% for bird expertise,
67.4% for mineral expertise). We hypothesized that this difference in
effect size might be explained by a difference in the level of expertise
between ornithologists and mineralogists. To address this issue, we
performed the same analysis on a subset of the expert groups that were
matched for their level of expertise. Because the discrimination and se-
mantic tasks were not comparable between the two domains of expertise
(see above), we calculated a new measure of experience using the par-
ticipants’ answers on the expertise questionnaire. For each expert, we
calculated an average score indicating how often they read text about and
looked at images of their objects of expertise (see above) and multiplied
this with the number of years of experience they had. On average, the
group of ornithologists had more “active experience” than the group of
mineralogists (Orn.: 68.2, Min.: 43.9; t(35) ¼ 2.35, p ¼ 0.025). To match
the two expert groups on this measure of experience, we temporarily
excluded the 7 ornithologists with the most experience and the 4 min-
eralogists with the least experience, resulting in two groups with 13 ex-
perts each that did not differ on their level of experience (Orn.: 47.9,
Min.: 50; t(24) ¼ 0.22, p ¼ 0.83). The subject classiﬁcation accuracies in
the high-level visual aROI for the matched groups were very similar to
the ones that were obtained for the complete expert groups. The 13 least
experienced ornithologists could be distinguished from the control par-
ticipants equally well as when the most experienced ornithologists were
included (90.1% vs. 91.3%). The same was true for the group of miner-
alogists when only the 13 most experienced participants were included
(67.2% vs. 67.4%). These results showed that the difference in decoding
accuracies in high-level visual cortex between the two domains of
expertise was not inﬂuenced by the difference in level of experienceon tests were used to determine the signiﬁcance threshold for each classiﬁcation accuracy
on of participant groups based on their neural response patterns for birds. The classiﬁer was
The right panel shows the classiﬁcation for the category of minerals, with a signiﬁcant
ults for the generalization analysis. Generalization accuracies are depicted by the dark grey
ﬁcation performances for the two expertise effects in each speciﬁc aROI (see Materials and
F. Martens et al. NeuroImage 169 (2018) 80–93between the two groups. (Remark: the analyses mentioned below were
performed on the complete expert groups.)
As far as signiﬁcant classiﬁcation was possible for objects of expertise,
that is, in all aROIs for ornithology and in high-level visual cortex for
mineralogy, this classiﬁcation was in each case higher than the classiﬁ-
cation obtained when the other group of experts was classiﬁed based
upon neural activity patterns associated with the same objects (Fig. 5).
Ornithologists could not be distinguished from controls based upon the
minerals condition. Likewise, mineralogists and controls could not be
differentiated based on the birds condition in high-level visual cortex.
Curiously, this same differentiation was possible in low-level visual
cortex (64.9%, p¼ 0.032), albeit to a lesser extent than for ornithologists.
Overall, these ﬁndings ﬁt with the general prediction that developing
expertise alters the processing of objects in the domain of expertise. The
ﬁndings are further conﬁrmed by correlational analyses. We analyzed the
“proportion decoded as expert” of each participant, to gain a better un-
derstanding of which participants were most often classiﬁed as being
either an ornithologist (vs. a control participant, based on their neural
response patterns for birds) or a mineralogist (vs. a control participant,
based on their neural response patterns for minerals). We correlated the
proportion of times participants (ornithologists and control participants)
were classiﬁed as being an ornithologist (“proportion decoded as
expert”), with their behavioral scores on the bird discrimination task (d’)
and the semantic task for birds. The same correlations were calculated for
participants classiﬁed as being a mineralogist (mineralogists and control
participants), using the scores on the mineral expertise tasks. Results can
be found in Table 1. Furthermore, in Fig. S2 in the supplementary ma-
terial, scatterplots display the relation between the participants’ scores
on the discrimination tasks and the semantic tasks on the one hand and
the “proportion decoded as expert” in the high-level visual aROI on the
other hand.
For the comparison between ornithologists and control participants,
in all three aROIs there was a signiﬁcant positive correlation between the
proportion of times participants were classiﬁed as ornithologist and the
scores on the discrimination task and semantic task for birds. The higher
a participant's scores on the bird expertise tasks, the more likely this
participants was to be taken for an ornithologist by a model that was
trained to make the distinction between ornithologists and control par-
ticipants based on their neural representations for birds. In the high level
visual aROI, we also found a signiﬁcant positive correlation between the
proportion of times participants were classiﬁed as being a mineralogist
and the scores on the mineral discrimination task. The correlation with
the scores on the semantic task for minerals tended to be positive as well.
Domain-speciﬁc and domain-general signatures of expertise
The rationale of our design with multiple types of expertise was to
investigate whether effects of expertise are similar across different do-
mains. Is bird processing in ornithologists changed in a similar way as
mineral processing in mineralogists? To answer this question, we tested
whether subject classiﬁcation could be generalized across domains of
expertise. More speciﬁcally, we tested whether a classiﬁer that was
trained to make a distinction between ornithologists and control partic-
ipants based on their response patterns for birds, generalizes to the
distinction between mineralogists and control participants based on their
response patterns for minerals, and vice versa (see Fig. 3B). This gener-
alization was tested in both directions in all three anatomical ROIs and an
average accuracy was calculated for each aROI. The lower the general-
ization accuracy compared to the classiﬁcation accuracies, the more ev-
idence for domain speciﬁcity of expertise effects. The higher the
generalization accuracy, the more evidence for domain-general
representations.
Aside from the generalization performance, we calculated the
maximal generalization that could be expected (see Materials and
Methods & Brants et al., 2016). This maximal generalization, which is in
between the classiﬁcation performances shown in Fig. 5, is important as a88benchmark. First, if it is low, which is a consequence of low decoding
performance, then the generalization analysis has insufﬁcient sensitivity
to differentiate between domain-speciﬁc and domain-general represen-
tations. More speciﬁcally, we have insufﬁcient sensitivity when the
maximum generalization is lower than our threshold of signiﬁcance
(61.8%–64.7%). This was the case for the low-level visual aROI. Thus, in
this region the signatures of expertise in the two domains were not strong
enough to interpret the outcome of the generalization analysis.
In the high-level visual aROI, the theoretical maximal generalization
was 79.2%, well above the threshold of signiﬁcance. However, in the
empirical data there was no signiﬁcant generalization, with the gener-
alization accuracy at 60.6%. Given that the 95%-conﬁdence interval
around a proportion of 0.606 with N ¼ 57 is [0.479 0.733], this subject
generalization was signiﬁcantly lower than the maximum generalization
of 79.2%. Thus, at least part of the expertise effects on the neural rep-
resentations of birds and minerals in high-level visual cortex were
domain-speciﬁc. The way in which neural processing of expert objects in
high-level visual cortex was changed by expertise depended upon the
domain of expertise.
In the frontal lobe we found a different result. Generalization accu-
racy was signiﬁcant at 66.9%, close to the predicted maximal general-
ization performance of 71.1%. This signiﬁcant generalization signaled a
substantial “overlap” between the two expertise effects in these regions.
The result in the frontal lobe was remarkable, since we could not ﬁnd a
signiﬁcant subject classiﬁcation for mineralogists compared to control
participants in this region. The fact that the generalization in this aROI
did work, suggested that, although the decoding accuracy in the frontal
lobe failed to reach signiﬁcance for one of the two datasets, there must
still be some meaningful information present that points to a distinction
between mineralogists and control participants (similar ﬁndings in
earlier studies: Oosterhof et al., 2012; Brants et al., 2016).
Taken together, the generalization of subject classiﬁcation classiﬁers
across domains of expertise indicated that expertise-related neural
changes tend to reﬂect domain-speciﬁc effects in high-level visual cortex,
whereas more general domain-independent effects of expertise were
found in the frontal lobe.
Univariate effects of expertise
In the previous analyses, multi-voxel pattern analysis (MVPA) results
showed the presence of expertise effects for both bird expertise and
mineral expertise. Because MVPA does not give a direct indication of
which voxels or sub-regions drive classiﬁcation, the next logical step is to
examine the more ﬁne-grained locations of these expertise effects. The
simplest approach is to perform a univariate test of the voxel-wise
contrast value which was used in the classiﬁcation. Starting with bird
expertise, we compared the brain activation for the [birds-base] contrast
in bird experts with the same contrast for all bird novices (mineral ex-
perts and control participants). Analyses revealed a large bilateral cluster
in lateral ventral temporal cortex that was signiﬁcantly more active for
bird experts compared to novices (Fig. 6A). MNI coordinates for the peak
voxels in left and right hemisphere were (51, 57, 20) and (37, 55,
20) respectively. Furthermore, some more scattered effects could be
found in left prefrontal cortex. The latter effects disappeared when the
threshold was increased to p < 0.05 corrected for family-wise error.
When comparing bird experts to the group of control participants in it-
self, the distribution of effects was largely the same.
Ventral temporal cortex is known to house a complex functional or-
ganization. Fig. 6C shows a ventral cortical view of the bird expertise
effect and the mineral expertise effect in combination with outlines of the
most relevant empirically measured regions with a functional preference
for living objects, nonliving objects, as well as the fusiform face area. The
spatial distribution of the bird expertise effect does not align with any of
these functional divisions.
In addition, we quantiﬁed the bird expertise effects in 6 bilateral
fROIs (FFA, PPA, pLOC, aLOC, a Living and a Nonliving region) that were
Fig. 6. (A) Left hemisphere, ventral and right hemisphere view of the univariate bird expertise effect: heightened activation for birds in bird experts compared to bird novices (uncorrected
threshold of p < 104, minimum cluster size of 10 voxels). (B) Left hemisphere, ventral and right hemisphere view of the mineral expertise effect: heightened activation for minerals in
mineral experts compared to mineral novices (uncorrected threshold of p < 103, minimum cluster size of 10 voxels). (C) Ventral view of the bird expertise effect (orange – yellow) and the
mineral expertise effect (light blue). Dark blue outlines delineate the functional regions with a preference for nonliving objects, green outlines indicate regions selective for living objects
and black outlines indicate the bilateral FFA. The ﬁgures were created using BrainNet Viewer ((Xia et al., 2013) http://www.nitrc.org/projects/bnv/) and custom Matlab code.
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the conditions of faces, living objects, nonliving objects, scrambled and
scenes. The expertise effect for birds was tested by comparing the mean
activation for the contrast [birds – base] in ornithologists with the mean
activation in bird novices (mineralogists and control participants). For
each fROI, the results were averaged across the left and right hemisphere.Fig. 7. (A) Mean activation for the [Birds - Base] contrast for bird experts and bird novices (min
across hemispheres, only subjects with both left and right hemisphere fROIs were included)
maximum values, dots represent outliers (>1.5 x interquartile range) and signiﬁcance is indica
novices. (B) Mean activation for the [Minerals - Base] contrast for mineral experts and mineral
differences. In supplementary material (section D, Fig. S3) we have broken down the single diff
condition and activation for base condition separately). (C) Scatterplot displaying a signiﬁcant
birds (mean activation for birds in bird novices) and the expertise effect for birds (heightened a
fROIs. The dotted line depicts the linear line of best ﬁt (y ¼ 0.26 þ 0.21x).
89The results are depicted in Fig. 7A. In all 6 fROIs we found signiﬁcantly
heightened activation for birds in ornithologists compared to bird nov-
ices. This included FFA (N1 ¼ 19, N2 ¼ 34, p < 0.0001) and the Living
region (N1 ¼ 20, N2 ¼ 36, p < 0.0001), which are most informative and
most responsive to the domain of birds (which are living objects), but
also the less responsive regions like pLOC (N1 ¼ 20, N2 ¼ 37, p ¼ 0.001),eralogists and control participants) in 6 functionally deﬁned ROIs (activation was averaged
. Boxplots display median and interquartile range, whiskers indicate the minimum and
ted by an asterisk. In all 6 fROIs, there was a signiﬁcant difference between experts and
novices (ornithologists and control participants). Unpaired t tests revealed no signiﬁcant
erence bars depicted in panels A and B into the constituting two bars (activation for expert
positive correlation (Pearson's r ¼ 0.584, p ¼ 0.046) between the general preference for
ctivation for in bird experts compared to novices) across left (L) and right (R) hemisphere
F. Martens et al. NeuroImage 169 (2018) 80–93aLOC (N1¼ 20, N2¼ 37, p < 0.0001), PPA (N1¼ 20, N2¼ 37, p¼ 0.005)
and the Nonliving region (N1¼ 20, N2¼ 35, p¼ 0.003). Nevertheless, we
found a signiﬁcant positive correlation (Pearson's r ¼ 0.584, p ¼ 0.046)
between the fROIs' general sensitivity for birds (average activation for
the [birds-base] contrast in bird novices) and the difference in [birds -
base]-activation between bird experts and bird novices (Fig. 7C). In other
words: the expertise effect for birds was most pronounced in those fROIs
that already showed a higher speciﬁcity for birds (FFA and Living re-
gion). To make sure that the bird expertise effect in the Living region was
not driven by the FFA, we excluded FFA voxels from the Living region for
each participant and repeated the analysis for all participants for which
the bilateral fROIs consisted of more than 20 voxels (Living - FFA left: 42
subjects, average size of 60 voxels; Living - FFA right: 42 subjects,
average size of 73 voxels; given that the Living region was restricted to
ventral cortex, it is to be expected that voxels responsive to animal bodies
would overlap substantially with the FFA, see e.g. Schwarzlose et al.
(2005)). Again, we found signiﬁcantly heightened activation for birds in
ornithologists compared to bird novices (N1 ¼ 11, N2 ¼ 24, p ¼ 0.005)
and the size of the effect was very similar to the effect in the original
Living region.
Expertise effects for minerals were measured by comparing activation
between mineral experts and mineral novices (ornithologists and control
participants) for the contrast [minerals – base]. No effects survived a
stringent FWE-corrected threshold. At a lower uncorrected threshold of
p < 0.001 (with a minimum cluster size of 10 voxels, see Lieberman and
Cunningham (2009)), small, distributed effects in left and right pre-
frontal and ventral temporal regions emerged (Fig. 6B). Here again, the
effects were largely the same when comparing mineral experts with the
group of control participants in itself.
As illustrated in Fig. 7C, the peak voxel of the cluster of signiﬁcant
activation in left ventral temporal cortex was located more posterior
compared to the bird expertise effect in that same region (MNI co-
ordinates of peak voxel (38, 70, 20)). The absence of effects at an
FWE-corrected threshold shows that expertise effects are distributed in a
manner that is more convenient for a multi-voxel approach. Nevertheless,
the small univariate peaks could still underlie the multi-voxel effects. We
performed the same multivariate subject classiﬁcation analysis as
described above in this left ventral temporal cluster, to check whether the
effects in this cluster could explain the multivariate results shown above.
The resulting decoding accuracy (44.4%) was not signiﬁcant, meaning
that the multi-voxel responses for minerals in this particular cluster did
not differ between mineralogists and control participants. This also
indicated that the signiﬁcant subject classiﬁcation between mineralogists
and control participants in the high-level visual aROI (67.4%) was not
driven by a very local effect in this left ventral temporal cortex, but
signiﬁed a more distributed effect across a larger part of high-level vi-
sual cortex.
We also performed fROI-based analyses for mineral expertise. The
mineral expertise effect was tested by comparing the mean activation for
the contrast [minerals – base] in mineralogists with the mean activations
in mineral novices. There were no signiﬁcant differences between these
two groups in any of the selected regions (Fig. 7B). This ﬁnding further
suggests that expertise for minerals induces small and distributed neural
effects which are not conﬁned to very speciﬁc (known) functional dis-
tinctions. Overall, in line with the MVPA ﬁndings, the univariate results
suggest that the changes in selectivity underlying the MVPA ﬁndings are
distributed, stronger in ornithologists than in mineralogists, and do not
show an obvious overlap in spatial distribution in high-level vi-
sual cortex.
Here we restrict the investigation of expertise effects at the level of
smaller ROIs to univariate analyses. A priori we decided to only perform
the classiﬁcation and generalization analyses in these three large aROIs
because these are the optimal and most sensitive analyses to investigate
questions about domain speciﬁcity. Post hoc we checked the results in
the 6 smaller functional ROIs that were delineated in each participant for
the purpose of ROI-based univariate analyses. Overall, the classiﬁcation90performances dropped compared to those in the larger aROIs (e.g. for
classifying ornithologists vs. control participants based on the birds
condition in the high-level visual cortex: drop from 91.3% to an average
of 69.2% across fROIs), in some fROI x condition combinations falling
below the statistical threshold. Given the lower sensitivity in these
smaller fROIs we refrain from drawing strong conclusions. At best, the
results suggest that the higher classiﬁcation performances in the aROIs
do not seem to be based upon one smaller sub-region. We also calculated
the correlations between the behavioral scores and the “proportion
decoded as expert” in the fROIs. The results conﬁrm most of what we see
in the aROIs but with some variability between the fROIs. These results
are shown in supplementary material (section B, Fig. S1 and Table S2).Expertise does not inﬂuence the representational similarity of object
categories
After having shown that expertise changes the high-level visual multi-
voxel activity patterns for objects of expertise in a domain-speciﬁc
manner, the question emerges whether these changes might be related
to a speciﬁc altered representation of these objects relative to other ob-
ject categories. To test this, we applied multivariate correlational ana-
lyses to investigate potential differences between the two expert groups
and the control participants in the representational similarity between
the 7 conditions (faces, birds, living, nonliving, scrambled, minerals,
scenes) in high-level visual cortex. Especially the relationship between
the expertise condition on the one hand (birds for ornithologists, min-
erals for mineralogists) and the remaining conditions on the other hand
could be informative.
The MDS-plots for the different subject groups can be found in Fig. 8.
The mutual relations between the different conditions were strikingly
similar across the three subject groups, with a clear distinction between
the animate and inanimate categories. The objects of expertise nicely
followed this distinction, independently of expertise, and did not seem to
suddenly turn up in an unexpected position in their experts. Of course,
visual inspection of MDS plots does not substitute statistics, but at least
such explorative inspection suggests no obvious effects of expertise
which would warrant further statistical testing. More quantitative ana-
lyses also did not show any obvious and signiﬁcant difference between
subject groups. We also performed these MVPA-based MDS analyses
using data from the low-level visual and frontal aROIs, to again ﬁnd
similar representational spaces in the three subject groups (results
not shown).
To sum, expertise does not seem to have a strong inﬂuence on the
representational similarity between the object category of expertise and
other categories. Put bluntly: a mineral is (visually) similar to a rock,
even to a mineralogist. (Note that mineralogists will ﬁercely argue that
people should not confuse minerals with rocks.)
Discussion
Conclusions
In the present study, we compared the changes in neural processing
that were associated with two very different types of visual expertise:
ornithology and mineralogy. Multi-voxel analyses showed that both
types of expertise inﬂuence neural object representations in high-level
visual cortex, while the effects for bird expertise even extended to low-
level visual regions and to the frontal lobe, displaying a distributed
pattern of expertise effects. Univariate differences in response strength
were only found for bird expertise, distributed across all included
category-selective regions of interest. Importantly, a multi-voxel gener-
alization analysis indicated that the expertise effects in high-level visual
cortex were mostly speciﬁc to the domain of expertise. In the frontal lobe,
in contrast, changes in object processing due to expertise overlapped
signiﬁcantly across the two different domains of expertise.
Fig. 8. Multi-dimensional scaling plots depicting the neural similarity between the 7 different object categories for ornithologists, mineralogists and control participants in the high-level
visual aROI. The representational similarity between the different conditions is very similar across the three subject groups, with a clear distinction between living and nonliving object
categories.
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In the one-back task that participants performed in the scanner, for
both expert groups the ability to detect repetitions of images belonging to
the domain of expertise was higher compared to images belonging to the
other expert domain, with in addition better performances on a post-scan
recognition task. These results are in line with an earlier study which
showed that experts had a clear preference for pictures of objects related
to their ﬁeld of expertise (Hershler and Hochstein, 2009). The fact that
objects of expertise appear to be more salient to experts may reﬂect the
relevance of top-down attentional control in expertise. Harel et al. (2010)
demonstrated that the level of engagement experts show for the objects
of expertise affects the neural responses to these expert objects. Based on
their ﬁndings, we would predict smaller or even no effects of expertise in
tasks which do not tap into the expertise.
Frontal cortex would be the most likely source of this top-down
attentional control (Corbetta and Shulman, 2002; Harel et al., 2010;
Harel, 2015). Our analyses of the frontal lobe provide some insight into
the nature of these top-down inﬂuences. By applying the multi-voxel
generalization analysis, we demonstrated the presence of domain-
general effects of expertise in frontal lobe. Several other studies, on
various domains of expertise, have shown neural expertise-related
changes in frontal lobe as well: e.g. for chess expertise (Krawczyk
et al., 2011), radiological expertise (Bilalic et al., 2014), car expertise
(Harel et al., 2010) and novel objects trained in the lab (Moore et al.,
2006). However, the present study is unique in the sense that we
demonstrate for the ﬁrst time that these expertise effects in frontal lobe
are similar across very different types of visual expertise. While our
ﬁndings point towards the dominance of domain-general processes in
frontal cortex, they do not pinpoint the exact processes that are involved.
Probably it is a mixture of processes (attentional control, memory,
arousal, …).
Informativeness
Expertise effects in high-level visual cortex did not generalize across
different domains of expertise, indicating that expertise-related changes
in the neural object representations in this region depend on the speciﬁc
domain of expertise. We also showed that the peak activation (peak
voxels of univariate activation) for both types of expertise did not over-
lap, possibly explaining the lack of generalization in MVPA. Note that the
differences in effect size between the stronger bird expertise effects and
the weaker mineral expertise effects is not by itself evidence for domain-
speciﬁc effects of expertise. To the contrary, the situation that the effects
in one domain would just be a stronger version of the effects in the other
domain is exactly the situation that was simulated to estimate the
maximal between-domain generalization possible given the within-
domain decoding. Instead, the crucial evidence for domain speciﬁcity91in high-level visual cortex was the lack of generalization between the two
domains of expertise, signiﬁcantly lower than the estimated maximal
generalization.
Strikingly, we found that the expertise-related enhanced activation
for birds was most pronounced in those functional regions that already
showed a higher sensitivity for birds in bird novices, like the FFA and the
Living region. This result is similar to the results in a recent study by
Brants et al. (2016), who showed that training to discriminate between
novel objects strengthens the responses in a pre-existing speciﬁcity map
for the to-be-trained objects. It has been suggested that the extent to
which neurons and brain regions are involved in a particular type of
expertise depends on their informativeness for the domain of expertise
and the task at hand (Brants et al., 2016; Op de Beeck, 2012; Op de Beeck
and Baker, 2010). This concept of informativeness has its origin in the
ﬁeld of visual neuroscience (Schoups et al., 2001; Raiguel et al., 2006).
However, we should note that in the current study, we also showed the
presence of bird expertise effects in PPA and the Nonliving region (like
other studies before us have found expertise effects in object-selective
regions, see introduction), which are considered to be “non-
informative” regions. Furthermore, we were not able to show similar
effects in informative regions for mineralogists. Thus, informativeness is
a partial but not a full explanation of the domain-speciﬁc distribution of
expertise effects in visual cortex.
Apart from the domain in which subjects have acquired expertise, the
type of training with the object category could also inﬂuence the neural
effects of expertise. In the study by Brants et al. (2016), in which both
type of training and expert object category were manipulated across a
group of laboratory-trained participants, only object category inﬂuenced
the reported neural expertise effects. However, some studies have shown
differential changes in the neural representations of novel objects
depending on the type of training participants received (Wong et al.,
2009; Wong et al., 2012). Type of experience is of course very hard to
control for when comparing two real-world domains of expertise. The
way in which participants in the current study gained experience with
birds or minerals could play a role in the resulting neural expertise ef-
fects, however, we did not take type of training into account when
selecting participants for this study and therefore we cannot make
statements on how this might have inﬂuenced our results.
This study ﬁts into the bigger framework of ongoing discussions
regarding the neural processes that underlie expert object recognition, in
which two contrasting views play a major role. The perceptual process
view sees expertise as a stimulus-driven, domain-general process, with
expertise-related neural changes located in one speciﬁc region that en-
compasses the type of processing necessary for expert object recognition
(Gauthier and Tarr, 1997). The expertise hypothesis, a more speciﬁc
version, focuses on the relation between expertise and face processing.
According to this hypothesis, FFA is the brain region in which “expert
processing” takes place (Gauthier et al., 2000, 1999). Its selectivity for
F. Martens et al. NeuroImage 169 (2018) 80–93faces has arisen due to the fact that we are all experts in processing faces,
and not because faces are a special category.
The interactive view on expertise on the other hand is domain-
oriented and sees expertise as an interaction between bottom-up and
top-down factors (Harel et al., 2013). The neural correlates of expertise
are not limited to one speciﬁc region in the brain but depend upon the
domain of expertise and the task demands. In line with this view is the
idea of informativeness which was mentioned above. In the current
study, expertise effects were found in FFA, as predicted by the expertise
hypothesis, but also outside of FFA and even outside the visual cortex.
Furthermore, the domain-speciﬁc effects that were found in high-level
visual cortex point more towards the domain-oriented view on exper-
tise: expertise-related changes in this region were localized differently
depending on the domain of expertise.
Limitations and future directions
The present study provides a substantial advance in our under-
standing of how different domains of expertise change the brain. How-
ever, many questions remain. In terms of our own data, it is puzzling that
the expertise effects show a strong difference in size between ornithology
and mineralogy. The successful subject classiﬁcation in high-level visual
cortex and the signiﬁcant generalization in frontal lobe show that min-
eral expertise effects are present, but they are smaller compared to effects
of bird expertise. How can we explain this difference in effect sizes?
There was a minor difference in the level of expertise between the two
subject groups. We indicated that this difference is insufﬁcient to explain
the differential effect size at the neural level. A different possibility is that
ornithology is a more visual expertise compared to mineralogy. In fact,
both domains are only partially visual and also rely on other modalities
(e.g., sound for birds and touch for minerals). The relative importance of
the different modalities might differ between the domains of expertise.
However, according to experts in the ﬁeld, the shape of a mineral is still a
very important determinant for identiﬁcation and classiﬁcation.
The results of the subject classiﬁcation analyses showed a second
curious ﬁnding. In high-level visual cortex, the interaction between
domain of expertise and stimulus condition was as expected: ornitholo-
gists could be classiﬁed based on their neural response patterns for birds
and mineralogists based on the neural responses to minerals. However, in
the low-level visual ROI, mineralogists could be distinguished from
control participants based on their response patterns for birds. This result
was not related to behavior, given that mineralogists and control par-
ticipants did not show convincing differences in performance on the
behavioral tasks for birds. There was also no difference in univariate
activation for the [birds - base] contrast between the two subject groups.
Following the major distinction underlying the large-scale organiza-
tion of neural object representations, we chose to compare one animate
and one inanimate domain of expertise. Therefore, differences in neural
expertise effects between the two domains of expertise could be related
to this animate-inanimate distinction, instead of the two domains in it-
self. To shed light on this issue, two different animate object categories of
expertise should be compared (e.g., Tanaka and Taylor, 1991; Tanaka
and Curran, 2001), as well as two inanimate expert object categories.
Furthermore, the level of homogeneity of an object category inﬂuences
discrimination of the objects at the subordinate level (individual objects
that are perceptually very similar make discrimination harder, D'Lauro
et al., 2008) and subsequently may inﬂuence the underlying neural
expertise effects. Therefore, the selected expert object categories should
also be matched based on their homogeneity. When comparing orni-
thology with mineralogy, it is possible that the categories of birds and
minerals differ in their intra-category homogeneity (note that issues like
these can never be completely avoided when comparing two very
different real-world domains of expertise).
An important limitation of the present study is that expertise is
manifested at the behavioral level in the ability to make ﬁne-grained
within-category distinctions (e.g., discriminating among birds),92whereas at the neural level we investigated selectivity for between-
category distinctions (e.g., discriminating birds from other objects).
Important effects might be missed by this lack of speciﬁcity at the neural
level. Further studies should be done to investigate the neural repre-
sentation of more subordinate distinctions, although this approach might
encounter the limits of multi-voxel analyses in terms of distinguishing
ﬁne object distinctions (see e.g. Brants et al. (2016)). Such studies could
extend the present ﬁndings, which reveal domain-speciﬁc effects of
expertise on between-category selectivity in high-level visual cortex
combined with domain-general effects in the frontal lobe.
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